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Abstract

Background Neutrophil extracellular trap (NET) has been implicated in cancer progression and metastasis.
Nevertheless, the role of the NET-related gene, formyl peptide receptor 1 (FPR1), in osteosarcoma (OS) remains largely
unexplored. This study aimed to investigate the prognostic significance and biological function of FPR1 in OS.

Methods The least absolute shrinkage and selection operator (LASSO) algorithm was employed to construct a
NET-related prognostic model utilizing OS datasets from TARGET and GEO (GSE21257) databases. The scRNA-seq
dataset GSE162454 was then used for verifying the role of NET-related model in OS at single-cell resolution. Next,
survival analysis and multivariate cox regression analysis were performed to evaluate the prognostic value of FPR1 in
OS patients. The CIBERSORT algorithm was conducted to evaluate the relationship between FPR1 levels and immune
cell abundance. Subsequently, the biological role of FPRT was explored through CCK-8, and transwell assays in OS cell
lines.

Results A signature NET score, comprising four NET-related genes (TNFRSF10C, FPR1, BST1 and SELPLG), was
constructed to predict the prognosis of OS. The survival outcomes for patients in high-NET score group were
markedly worse than that in the low-NET score group. Meanwhile, at single cell resolution, OS cells progressively
evolved into tumors with elevated NET scores. Furthermore, FPR1 levels were markedly reduced in OS cells

when compared to normal osteoblast cells, and the overexpression of FPR1 notably suppressed OS cell viability,
migration and invasion. Additionally, OS patients exhibiting high levels of FPR1 demonstrated a favorable overall
survival. Moreover, these patients also had a higher proportion of M1 macrophages and a lower proportion of MO
macrophages.

Conclusion Collectively, our study indicates that the NET-related gene FPR1 is closely related to tumor progression,
prognosis and immune infiltration in OS.
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Introduction

Osteosarcoma (OS) is a malignant bone tumor predomi-
nantly affecting pediatric and adolescent patients [1]. A
large number of studies have indicated that OS displays
a high incidence of recurrence and metastasis after ther-
apy [2, 3]. Despite the application of various therapeutic
approaches, including surgery and chemotherapy [4],
targeted therapy [5], immunotherapy [6] and radio-nano-
therapy [7], patients with OS often experience a worse
prognosis [8]. Thus, identifying key prognostic indicators
is vitally important for predicting outcomes in OS.

Additionally, researchers have confirmed that OS is a
bone malignancy characterized by an immunosuppres-
sive tumor microenvironment (TME) [9]. The tumor
immune microenvironment (TIME) exerts vital roles
in the progression of OS [10]. The immunosuppressive
cells residing in the TIME facilitate tumor cells in evad-
ing immune detection, eventually leading to the poor
prognosis of OS patients [9]. Neutrophils are an impor-
tant immune cell type in the TME [11], playing impor-
tant roles in the initiation and metastasis of cancers [12].
Within the TME, certain populations of neutrophils
exhibit exert tumor-supportive functions, while other
populations have anti-tumoral activities [12—-14]. Mean-
while, neutrophil infiltration in some solid cancers, such
as glioma and colorectal cancer, has been associated with
poor prognosis [15, 16].

Neutrophil extracellular traps (NET) are web-like
structures that are constituted by DNA-histone com-
plexes and neutrophil granular proteins [17]. Activated
neutrophils can release NET in response to different
cues in the TME [17]. The formation of NET may pro-
mote tumor growth and metastasis [18—20]. Meanwhile,
NET are related to poor prognosis in patients with dif-
ferent cancers, such as glioma and pancreatic cancer [21,
22]. Nevertheless, the function of NET and NET-related
genes in OS remains largely unexplored.

Recently, some researchers have established prognos-
tic signatures in cancers based on NET-related genes to
predict patient prognosis and tumor immunity [23-25].
For example, Li et al. developed a signature compris-
ing seven NET-related genes, demonstrating its poten-
tial to predict the prognosis and immune status of head
and neck squamous cell carcinoma patients [26]. In this
study, we developed a four NET-related gene signature
(TNFRSF10C, FPR1, BST1 and SELPLG) for OS, and
found that this signature could reflect the prognosis of
OS patients. Additionally, we also investigated the prog-
nostic value of the NET-related gene formyl peptide
receptor-1 (FPR1) in OS. FPR1 has been implicated in
tumor progression in various cancers [27, 28]. However,
the prognostic role of FPR1 in OS remains largely unex-
plored. Our results showed that FPR1 may serve as an
independent predictor for OC prognosis. These findings
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may provide a foundation for evaluating the prognosis of
OS patients in clinical practice.

Materials and methods

Data collection

The clinical and transcriptomic data of 88 OS samples
were acquired from the TARGET database (https://ocg.c
ancer.gov/programs/target). Four samples with incomple
te survival (three samples) and clinical (one sample) data
were removed, resulting in a final cohort of 84 samples
with complete survival information, which was set as the
training cohort (TARGET_OS). The data from the TAR-
GET database can be analyzed directly. The characteris-
tics of 84 patients with OS were presented in Table S1.

The GSE21257, GSE162454, GSE16088, GSE19276,
GSE99671 and GSE16091 datasets were acquired from
the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/). GSE21257 dataset included
53 OS samples from 53 patients, comprising 34 patients
who developed metastases within 5 years and 19 patients
who did not develop metastases within 5 years [29], and
this dataset was set as the validation cohort. For this
dataset, sequencing was performed using the Illumina
human-6 v2.0 expression beadchip (GPL10295) platform
to obtain the sequencing data.

GSE16088 comprised 6 normal samples and 14
OS samples, with sequencing processed on Affyme-
trix Human Genome U133A Array (GPL96) platform.
GSE19276 comprised 5 normal samples and 44 OS
samples, with sequencing processed on Agilent-012391
Whole Human Genome Oligo Microarray G4112A
(GPL6848) platform. GSE99671 dataset comprised 18 OS
tissues and 18 non-tumoral paired tissues, with sequenc-
ing processed on AB 5500x]-W Genetic Analysis System
(GPL20148) platform. GSE16091 dataset comprised 34
OS samples, with sequencing processed on Affymetrix
Human Genome U133A Array (GPL96) platform. For all
GEO datasets used in this study, an annotation file was
utilized to convert probes into gene symbols, which were
used for subsequent analysis.

GSE162454 dataset contained single-cell RNA sequenc-
ing data from 6 patients with OS [30, 31]. Sequencing for
this dataset was conducted using the Illumina NovaSeq
6000 (GPL24676) platform.

Construction of prognostic gene signature

The prognostic model was constructed using the TAR-
GET_OS cohort. A total of 69 NET-related genes [26]
were subjected to univariate Cox regression analy-
sis to screen the prognosis-related genes in OS. Next,
the least absolute shrinkage and selection operator
(LASSO) regression analysis further optimized the
prognosis-related genes in OS using the R package (ver-
sion 4.2.2) “glmnet” [32]. First, the “cv.glmnet” function
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was employed to identify the optimal lambda (\) values.
Subsequently, 10-fold cross-validation was conducted,
followed by the application of the “coef” function to fil-
ter the optimized genes included in the model based on
the identified A values. Meanwhile, these optimized genes
were applied for constructing the NET-related signature.
The risk score was calculated as follows: risk score (NET
score) = (NET score) = Y"1 | Coef,; x x; [33, 34]. Coef
represents the coefficient of each optimized gene cal-
culated by the LASSO regression analysis model, and x
represents the gene expression value of each optimized
gene. The value of NET score was determined using the R
packages “survival” and “survminer” and a two-sided log-
rank test. After that, according to the median NET score,
the OS patients were then grouped into high- and low-
NET score groups.

Survival analysis

The survival outcomes of OS patients in two groups were
assessed using the R packages “survival” and “survminer”
(https://CRAN.R-project.org/package=survival)  based
on Kaplan-Meier method. The log-rank test was applied
to evaluate statistical significance of survival outcomes
between two groups. Multivariate cox regression analy-
sis was conducted for evaluating whether NET score of
FPR1 gene could be an independent predictor of patient
survival. The R package “timeROC” was used for drawing
receiver operating characteristic (ROC) curves, and the
area under the curves (AUC) was then calculated [35].

Gene ontology (GO) analysis, kyoto encyclopedia of genes
and genomes (KEGG) enrichment and gene set variation
analysis (GSVA) analyses
For screening differentially expressed genes (DEGs)
between two NET score groups, R package “edgeR” was
used [36]. The criteria for defining DEGs were set as
|log2(fold change)| >0.5 and p.adjust<0.05. The DEGs
between two groups were subjected to GO analysis and
KEGG enrichment analysis using the R package “cluster-
Profiler” [37]. GO analysis included biological process
(BP), molecular function (MF) and cell composition (CC)
analysis. P-value <0.05 was considered to be significant.
For the GSVA, the “c2.cp.kegg.v2023.1.Hs.symbols”
and “c5.g0.v2023.1.Hs.symbols” gene sets were acquired
from the Molecular Signature Database (https://www.gse
a-msigdb.org/gsea/msigdb). The threshold for significanc
e was set to a P-value < 0.05.

Single-cell RNA-sequencing (scRNA-seq) analysis

The scRNA-seq data from OS samples, downloaded
from GSE162454 dataset, was pre-processed with the R
package “Seurat” [38]. After removing low-quality cells
(cells that have less than 200 genes expressed and mito-
chondrial gene expression exceeding 5%), the data was
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normalized using the function ‘NormalizedData! Next,
the principal component analysis (PCA) was conducted
with the function “RunPCA” Unsupervised clustering
analysis was then conducted to identify the main cell type
using the function “FindCluster” in R package “Seurat’,
and the t-SNE algorithm was used for visualization. After
that, the R package ‘Single R’ was used for the annotation
of the cell clusters [39], this package contains 5 human
databases and 2 mouse databases, with the “Human
Primary Cell Atlas Data (HPCA)” database utilized for
annotation. Meanwhile, we performed “FindMarkers”
function, setting the logfc.threshold to 0.25 and min.pct
to 0.1, to identify DEGs between two NET score groups.
Additionally, the R package “monocle” was performed to
proceed the pseudotime trajectory analysis to observe
the progression of continuous cell states [40]. Further-
more, cell communication pattern was established by the
R package “iTALK” (https://github.com/Coolgenome/iT
ALK).

Gene set enrichment analysis (GSEA)

In the TARGET_OS cohort, OS patients were divided
into FPR1-high and FPR1-low groups based on the
median expression value of FPR1. For screening DEGs
between two groups, R package “DESeq2” was used [41].
The criteria for defining DEGs were set as |log2(fold
change)| >1 and p.adjust<0.05. GSEA was conducted
using the R package “clusterProfiler’, with a pathway con-
sidered significant if p.ajust < 0.05 [42].

Analysis of immune cell characteristics

The CIBERSORT software (version 0.1.0) was employed
in this study to determine the relative proportions of 22
types of immune cells in each sample. In each sample,
the sum of all estimated immune cell type proportions is
equal to 1. The ESTIMATE algorithm (https://R-Forge.R-
project.org/projects/estimate/) was utilized to assess the
immune score, stromal score and estimate score.

Cell culture and transfection

The HFOB1.19 cell line (GNHul4, National Collection
of Authenticated Cell Cultures) was cultured in DMEM
medium (No. PM150270, Procell) supplemented with
10% FBS (No. PM164210, Procell) and 1% P/S (No.
P1400, Procell), and maintained at 34°C in a humidified
atmosphere with 5% CO,. The HOS cell line (CL-0360,
Procell) was cultured in MEM medium (No. PM150410,
Procell) supplemented with 10% FBS and 1% P/S. The
U-20S (CL-0236, Procell) and SAOS-2 (iCell-h313, The
World Cell Factory) cell lines were cultured in McCoy’s
5 A medium (No. PM150710, Procell) supplemented with
10% FBS and 1% P/S. HOS, U-20S and SAOS-2 cell lines
were maintained at 37°C in a humidified atmosphere
with 5% CO.,.
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U-20S cells were transfected with FPR1 overexpression
(OE-FPR1) or negative control (OE-NC) plasmids using a
Lipocat2000C transfection reagent (No. AQ11669, Bei-
jing Aoqing Biotechnology Co., Ltd).

Reverse transcription quantitative real-time polymerase
chain reaction (RT-qPCR)

Total RNA isolation was performed using the TriQuick
Reagent Total RNA Extraction reagent (No. R1100, Solar-
bio). Next, RNA was reverse transcribed into cDNA using
an Evo M-MLYV reverse transcription Kit (No. AG11706-
S, Accurate Biology) on a PCR instrument (Vapo pro-
tect, Eppendorf). Quantitative PCR was conducted using
the 2xSuperStar Universal SYBR Master Mix (CW3360,
CWBIO) on a quantitative PCR instrument (SLAN-96S,
Shanghai Hongshi Medical Technology Co., LTD). The
qPCR thermocycling conditions were as follows: pre-
denaturation at 95°C for 30 s, 40 cycles of denaturation at
95°C for 10 s and annealing at 60°C for 30 s. The relative
gene expression was calculated by 2 “42CT) method and
GAPDH was used as an internal control [43]. FPR1: 5’-G
CTCCTCACATTGCCAGTTAT-3’ (forward) and 5’- CG
TTGGTCCAGGGCGAAAA-3 (reverse); GAPDH: 5-G
AAGGTGAAGGTCGGAGTC-3 (forward) and 5-GAA
GATGGTGATGGGATTTC-3’ (reverse).

Western blot assay

Cells were lysed using the RIPA reagent (No. R0010,
Solarbio) to obtain total protein. Next, a BCA protein
detection kit (No. CW0014S, CWBIO) was conducted to
determine protein concentration. Equal amounts of pro-
tein samples (30 pg per lane) were separated using 10%
SDS-PAGE gels (One-Step PAGE Gel Fast Preparation
Kit, No. E303-1, Vazyme) and transferred onto polyvi-
nylidene difluoride membranes (IPVHO00010, Merck).
The membranes underwent a blocking step using 5%
skimmed milk (No. D8340, Solarbio) in TBST (No.
T1081, Solarbio) for 1 h, and then incubated with pri-
mary antibodies at 4 °C overnight, including anti-FPR1
(1:1000; R1511-36, HUABIO) and anti-GAPDH (1:10000;
No. 60004-1-Ig, Proteintech) primary antibodies. After
that, the membranes were treated with appropriate sec-
ondary antibodies (1:10000; No. ZB-2301, ZB-2305,
ZSGB-BIO), an electrochemiluminescence Plus ultra-
sensitive liquid (No. P0018M, Beyotime) was used for
visualization the protein bands. Image] software was
employed to analyze the gray value of the protein bands
and the FPR1 relative expression was quantified as the
gray value of FPR1 by the gray value of GAPDH.

Cell counting kit-8 (CCK-8) assay

Cells (5000 cells per well) were plated onto a 96-well plate
and allowed to culture overnight. Subsequently, 100 pl
of CCK-8 solution (No. C0037, Beyotime) was added to
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each well, and the plate was then incubated at 37 °C for
3 h. The optical density (OD) values of each well were
obtained at a wavelength of 450 nm using a microplate
reader (Infinite F50, TECAN).

Transwell assay

Cells (5x10* cells) were suspended in 100 pl of medium
containing 0.1% FBS and seeded into the upper chamber
of inserts in a 24-well plate (No. TCD010100, BIOFIL),
and 600 pL of medium containing 10% FBS was loaded
to the lower chamber. Following incubation for 24 h, the
cells were stained with 0.1% crystal violet (No. Q/12GF,
Tianjin Guangfu Fine Chemical Research Institute) for
1 h. After staining, the bottom surface of the Transwell
membrane was allowed to air-dry, and images were cap-
tured using a light microscope (IMT-2, OLYMPUS). For
invasion analysis, Matrigel matrix (356234, BD) was pre-
coated onto the upper chamber of the Transwell.

Statistical analysis

The Wilcoxon rank-sum test was used for comparing
values between two groups. Pearson correlation analy-
sis was performed using the function “cor” in R package.
Statistical analysis of bioinformatics data was performed
using the R software (version 4.2.2). For the experimental
results, data were statistically analyzed using GraphPad
Prism 9.5.0 software, and one-way ANOVA or two-way
ANOVA was used for analyzing the differences among
multiple groups; all data are presented as means + stan-
dard deviations (SD). P-values<0.05 were considered
significant.

Results

Construction of NET-related signature in OS

To establish a NET-related signature for OS, 69 NET-
related genes (Table S2) were applied in the univariate
Cox regression analysis within a TARGET_OS cohort
(n=84) [26]. 17 NET-related genes demonstrated prog-
nostic potential in OS (Fig. 1A). Thereafter, LASSO
analysis was conducted to further screen the remaining
17 genes, ultimately identifying 4 optimal prognostic
NET-associated genes, including tumor necrosis factor
receptor superfamily, member 10c (TNFRSF10C), FPRI,
bone marrow stromal cell antigen-1 (BSTI) and Selec-
tin P ligand gene (SELPLG) (Fig. 1B). The LASSO cox
model included 4 genes and the prognostic NET-related
signature was developed using a linear combination of
the expression levels of these 4 genes (Expr) weighted by
their LASSO regression coefficients. The formula was as
follows: NET score = (-0.10971154 * Expr TNFRSF10C) +
(-0.04142253 * Expr FPRI) + (-0.07035219 * Expr BST1I) +
(-0.01959448 * Expr SELPLG). Finally, a four-gene NET-
related signature comprising TNFRSF10C, FPR1, BST1,
and SELPLG was constructed.
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Fig. 1 Construction of NET-related signature in OS. (A) A forest map showed 17 NET-related genes identified by univariate Cox regression analysis in the
TARGET_OS cohort (B) Identification of 17 prognostic NET-related genes using the LASSO regression analysis. The left vertical dotted line indicates the
lambda (N) value with the minimum error and the largest A value. Under this condition, the constructed model demonstrates the best fitting performance.
Therefore, 4 optimal prognostic NET-associated genes, including TNFRSF10C, FPR1, BST1 and SELPLG were identified (C, D) Kaplan-Meier survival curves
of overall survival in the (C) TARGET_OS cohort and (D) GSE21257 cohort based on NET score (E, F) Time-dependent ROC curves assessing the accuracy
of NET score in predicting survival of OS patients at 1-year, 3-year, 5-year in the (E) TARGET_OS cohort and the (F) GSE21257 cohort (G) The multivariate

Cox regression analyses of the NET score in the TARGET_OS cohort
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Meanwhile, based on the median value of NET score,
OS patients were separated into two NET score groups
(low-NET and high-NET) in the TARGET_OS cohort.
Survival analysis showed that the OS patients with
high-NET scores experienced poorer survival outcomes
compared to those with low-NET scores (Fig. 1C). Sub-
sequently, OS patients in a validation GSE21257 cohort
were separated into two NET score groups based on the
optimum cutoff value of the NET score. Similarly, in the
validation set, OS patients in the high-NET group dis-
played shortened survival outcomes compared to the
low-NET group (Fig. 1D). Additionally, ROC analysis
revealed that the AUC values of 1-, 3-, and 5-year curves
were 0.71, 0.81, and 0.78 in the TARGET_OS cohort
(Fig. 1E) and were 0.54, 0.69, and 0.73 in the GSE21257
cohort, respectively (Fig. 1F). Furthermore, based on
the data in the TARGET_OS cohort, the results of mul-
tivariate cox regression analysis showed that NET score
may serve as an independent predictor of survival for OS
patients (Fig. 1G).

Prognostic value of NET score in OS

To further evaluate the prognostic value of the NET score,
we analyzed the association between the NET score and
the clinical features of OS patients, including age, sex and
metastasis status in the TARGET_OS cohort. OS patients
under 18 years of age with high-NET scores exhibited
strongly worse survival outcomes compared to those
with low-NET scores (Fig. S1A). Meanwhile, OS patients
in the female, male and non-metastatic subgroups with
high-NET scores showed significantly worse survival out-
comes compared to the patients with low-NET scores
(Fig. S1B-S1D). Nevertheless, no obvious differences in
NET scores were observed between groups with differ-
ent ages (age>18 and <18), genders (female and male)
or metastasis status (metastatic and non-metastatic) in
the TARGET_OS cohort (Fig. S1E-S1G). Significantly,
the NET score was found to be upregulated in metastatic
OS samples compared to non-metastatic samples in the
GSE21257 cohort (Fig. S2). Collectively, the prognosis of
OS patients may be predicted using the established NET-
related prognostic signature model.

DEGs and the distinct functional pathways

To investigate the underlying mechanism of the NET-
related signature in OS, DEGs between two NET score
groups were screened. Significantly, a total of 640 DEGs
were detected between high-NET and low-NET groups
in the TARGET_OS cohort (Table S3). Compared with
the low-NET group, 225 upregulated DEGs and 415
downregulated DEGs, were identified in the high-NET
group (Figure S3A, S3B and Table S3). GO and KEGG
analysis was then performed on upregulated and down-
regulated DEGs, respectively. The results revealed that
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the 225 upregulated DEGs were notably enriched in 84
GO terms and 7 KEGG pathways, and the 415 down-
regulated DEGs were enriched in 624 GO terms and 39
KEGG pathways (Figure S3C, S3D and Table S4). There-
after, GSVA results showed that 9 signaling pathways,
such as cellular response to macrophage colony stimulat-
ing factor stimulus, positive regulation of T cell tolerance
induction and positive regulation of lymphocyte anergy,
were related to the NET score in OS (Figure S3E).

scRNA-seq analysis for NET score

Based on the data from GSE162454 dataset, scRNA-Seq
analysis was used for verifying the role of NET score in
OS at single cell resolution. The “FindCluster” function in
R package “Seurat” was used to cluster the cells, result-
ing in the identification of 8 major cell clusters (Fig. 2A).
According to the formula (NET score) mentioned above,
the NET score for each cell within 8 cell clusters was cal-
culated, with the NET score levels in these clusters pre-
sented in Fig. 2B. Subsequently, all cells were categorized
into high-NET and low-NET groups based on the median
value of the NET score, resulting in the identification of
782 differentially expressed hypervariable genes between
the two NET score groups (Table S5). Following this, the
biological roles of these 782 genes were identified using
the GO and KEGG enrichment analysis. The results
revealed that these genes were significantly enriched in
1708 GO terms (e.g. positive regulation of cell activation)
and 94 KEGG pathways (e.g. Cytokine-cytokine recep-
tor interaction, antigen processing and presentation and
Natural killer cell mediated cytotoxicity) (Fig. 2C and D
and Table S6).

Pseudotime analysis identified 3 differentiation stages
of OS cells (Fig. 2E). As the pseudotime elevated (Fig. 2F),
OS cells showed a tendency toward elevated NET scores
(Fig. 2G).

Cell communication pattern

Cell communication between OS cells and other cells in
TME was analyzed between two NET score groups with
R package “ITALK” The different cellular signaling path-
ways (CSPs) regarding checkpoints among different cells
in the TME were shown in Fig. 3A and B. CD24 was the
most active CSPs in OS cells from patients with high-
NET scores (Fig. 3A and B). The different CSPs regarding
cytokine among different cells in the TME were shown
in Fig. 3C and D. CXCL12 and IL1R1 were identified as
the most active CSPs in OS cells from patients with high-
NET scores (Fig. 3C and D). The different CSPs regard-
ing growth factors among different cells in the TME were
shown in Fig. 3E and F, with ITGB1, TGFB1 and CTGF
being the most active CSPs in OS cells from patients
with low-NET scores (Fig. 3E and F). The different CSPs
regarding other aspects among different cells in the TME
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Fig. 2 scRNA-seq analysis for NET score (A) The tSNE algorithm was used for visualization of the separate cell clusters in the tumor microenvironment
of OS (B) The tSNE visualization of cell clusters with high- or low-NET score (C, D) The biological roles of 782 differentially expressed hypervariable genes
were identified using the GO and KEGG analysis. (C) Top 10 enriched GO terms of BP, CC, and MF. (D) Top 20 enriched KEGG pathways (E) The pseudotime
trajectory analysis of OS cells from different differentiation stages. The horizontal and vertical axes represent the two principal components. Each point
represents an individual cell. Different colors represent different cell stages. The black circle indicates the branch nodes, where cells can progress toward
one of several outcomes. The pseudotime trajectory analysis showed that OS cells can develop into three different cell states (F) The pseudotime trajec-
tory analysis of pseudotime pattern on OS cells. The colors from dark to light represent the forward order of pseudotime (G) The pseudotime trajectory

analysis of NET score on OS cells. The lighter the color, the higher the NET score
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Fig. 3 Cell communication pattern of high- and low-NET score OS groups (A, C, E, G) Different cellular signaling pathways and (B, D, F, H) cell commu-
nication patterns regarding (A, B) checkpoint, (C, D) cytokine, (E, F) growth factor or (G, H) other between two NET score groups of OS cells and other
cells in the microenvironment. (A, C, E, G) The various colors of the filled circles represent distinct cell types. The circle that emits the arrow represents the
ligand cell subpopulation, and the circle that receives the arrow represents the receptor cell subpopulation. The number on the line indicates the number
of ligand-receptor interaction pairs. (B, D, F, H) The arrows indicate the directionality of the signal (ligand to receptor)

were shown in Fig. 3G and H. TIMP1 was recognized as
the most active CSPs in OS cells from patients with high-
NET scores (Fig. 3G and H).

Predictive value of NET score in anti-tumor agents

The prediction of drug sensitivity was conducted using
the R package “oncoPredict” in the TARGET_OS cohort.
The correlation between the NET score and the IC50
value of anti-tumor drugs was analyzed. NET score
exhibited a significant negative correlation with two
drugs, including SB505124: 1194 (a selective TGFPR
inhibitor) and BL2536_1086 (PLK inhibitor) (Fig. 4A
and B and Table S7). Next, Comparative Toxicogenomics
Database (CTD) database (http://ctdbase.org/) was used
to analyze the inference score of NET-associated genes
in the NET score in OS. Our findings suggested that
TNEFRSF10C (Fig. 4C), FPR1 (Fig. 4D), BST1 (Fig. 4E) and
SELPLG (Fig. 4F) may serve as the potential therapeu-
tic targets for OS. The strong value of TNFRSF10C and
FPR1 in OS development was predicted based on their
inference score (Fig. 4C and D).

Prognostic value of FPR1 in OS

Next, we continue to explore the role of FPR1 in the
prognosis of OS. Based on the data in the GSE16088,
GSE19276 and GSE99671 datasets, the expression level
of FPR1 was notably reduced in OS tissues compared to
normal controls (Fig. 5A - 5C). Additionally, based on
the median expression level of FPR1, OS patients were
categorized into two groups (low-FPR1 and high-FPR1)
in the TARGET_OS and GSE21257 cohorts, respec-
tively. The results of survival analysis showed that the
OS patients in the low-FPR1 group exhibited poorer
survival outcomes compared to those in the high-FPR1
group (Fig. 5D and E). Moreover, the results of multivari-
ate cox regression analysis showed that FPR1 may serve
as an independent predictor of survival for OS patients
(Fig. 5F).

Furthermore, the results of GSEA showed that high-
FPR1 group had significant enrichment in 83 pathways,
such as Antigen processing and presentation, Apoptosis,
Natural killer cell mediated cytotoxicity and Necropto-
sis, compared to the low-FPR1 group (Fig. 6A and D and
Table S8).

Predictive value of FPR1 in immune microenvironment of
(0

Next, CIBERSORT software was used to explore the
relationship between FPR1 and TIME in OS patients.
As shown in Fig. 7A and B, significant differences were
observed in MO macrophages, M1 macrophages, M2
macrophages, Neutrophils, CD4 naive T cells and Regu-
latory T cells (Tregs) between high-FPR1 and low-FPR1
groups. Additionally, patients in the high-FPR1 group
exhibited elevated stromal, immune and ESTIMATE
scores compared to those in the low-FPR1 group (Fig. 7C
- 7E). Collectively, FPR1 may be associated with the
immune infiltration in OS.

Overexpression of FPR1 suppressed the viability, migration
and invasion of OS cells

RT-qPCR was conducted to validate the expression levels
of FPR1 in OS cell lines. As indicated in Fig. 8A, FPR1
levels were notably decreased in HOS, SAOS-2 and
U20S cells compared to HFOB1.19 cells. Notably, U20S
cells exhibited the lowest expression level of FPR1, which
was utilized in the subsequent experiments (Fig. 8A). As
shown in Fig. 8B and C, the expression of FPR1 was nota-
bly upregulated in U20S cells transfected with OE-FPR1
plasmids. Additionally, the results of CCK-8 and tran-
swell assays showed that overexpression of FPR1 remark-
ably suppressed the viability, migration and invasion of
U20S cells (Fig. 8D and E). These results showed that
FPR1 may play a tumor-suppressive role in OS.

Discussion

The formation of NET is a part of the innate immune
system [44]. NET can be generated within the TME,
which is linked to tumor occurrence and metastasis [45,
46]. Evidence suggested that NET formation facilitates
tumor progression and metastasis [45, 47]. Moreover,
some researchers have identified a prognostic signature
for human cancers based on NET and found that NET-
related signature can predict the prognosis of various
cancers, such as breast, bladder, lung cancers and OS
[23, 25, 48, 49]. However, the potential prognostic val-
ues of NET-related signature in OS have not been fully
explored.

In the TARGET_OS cohort, we identified 4 prognos-
tic NET-associated genes TNFRSF10C, FPR1, BST1 and
SELPLG using the LASSO regression analysis. All these
four genes have been implicated in the prognosis of can-
cer patients [50-54]. Our findings indicated that OS
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patients with high-NET scores had shortened survival
outcomes. Moreover, within each subgroup, including
age, gender or metastasis condition, OS patients with
high-NET scores consistently exhibited reduced survival
compared to those with low NET scores. These results
collectively demonstrated that the NET signature model
may offer robust predictive capability for OS prognosis.

Furthermore, scRNA-seq was then employed to verify
the role of NET score in OS at a single cell resolution.
Our data showed that OS cells progressively evolved
into tumors characterized by a high NET score at the
single cell resolution. Meanwhile, the intercellular com-
munication between OS cells and other cells in the TME
was analyzed based on the scRNA-seq data [55, 56].
In the high-NET group, checkpoint (CD24), cytokine
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(CXCL12), and other (TIMP1) were the most active CSPs
participated in the intercellular communication between
OS and other cells in the TME. CD24 and CXCL12, both
recognized as oncogenes, have been shown to tumor pro-
gression and metastasis [57, 58]. Moreover, CD24 has
been reported to accelerate the progression of hepatocel-
lular carcinoma via modulating the TME [59]. Likewise,
TIMP1, also classified as an oncogene, has been impli-
cated in facilitating tumor progression and contribut-
ing to NET formation in tumors [22, 60, 61]. These data
showed that cell communication between OS cells and
other cells in the TME may exert a crucial role in tumor
progression among OS patients with a high NET score.
Furthermore, we found that the NET score was notably
negatively correlated with two drugs, SB505124_1194 (a
selective TGFPBR inhibitor) and B1.2536_1086 (PLK inhib-
itor), suggesting that patients with high-NET scores may
be more sensitive to these two drugs. It has been shown
that BI.2536 is currently in the phase I/II clinical research
stage for various cancers [62, 63]. However, it has not
yet progressed the clinical research in OS. Evidence has

shown that inhibition of PLK could inhibit the progres-
sion of OS [64]. Thus, the findings may offer a valu-
able research direction for future clinical investigations
involving B1.2536.

Additionally, CTD database revealed that these four
NET-associated genes may serve as the potential thera-
peutic targets for OS. Meanwhile, TNFRSF10C and
FPR1 appear to exert a strong value in the development
and occurrence of OS. The involvement of TNFRSF10C
in OS progression has been studied [50]. Consequently,
we aimed to investigate the prognostic significance and
biological function of FPR1 in OS. FPR1, a pattern-rec-
ognition receptor, has the potential to innate immune
responses [65]. Notably, FPR1 can act as a tumor sup-
pressor gene or oncogene in different cancer types [27,
28, 66]. Snapkov et al. found that overexpression of FPR1
can promote neuroblastoma tumorigenesis, with its ele-
vated expression correlated to poor patient survival in
neuroblastoma [66]. Conversely, Prevete et al. reported
that FPR1 overexpression can suppress the tumorigenesis
and angiogenesis in gastric cancer [28]. Consistently, our
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results showed that overexpression of FPR1 significantly
suppressed OS cell viability, migration and invasion,
suggesting that it plays a tumor-suppressive role in OS.
These findings illustrated that FPR1 can act as either an
oncogene or a tumor suppressor across different tumor
models. Furthermore, we present the novel discovery that

high FPR1 expression is associated with better prognosis
in OS patients. Our results suggest that FPR1 may func-
tion as a tumor-suppressor and may be a novel potential
prognostic factor of OS.

Next, to explore the mechanisms underlying the FPR1
in OS, GSEA was performed. The results showed that
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necroptosis and apoptosis signaling pathways were sig-
nificantly enriched in the high-FPR1 group. Our results
showed that FPR could inhibit the progression of OS in
vitro. However, whether FPR1 exerts an anti-tumor effect
in OS through modulating cell apoptosis and necropto-
sis remains largely unclear and warrants further investi-
gation. Additionally, some anti-tumor immune signaling
pathways, including antigen processing and presentation
and natural killer cell mediated cytotoxicity signalings,
were also enriched in the high-FPR1 group. Evidence
has demonstrated that TIME plays important roles in
OS development [67], which is related to the tumori-
genesis, metastasis and occurrence of tumors [10, 68].
It has been shown that M1 macrophages, as classical
antigen-presenting cells, effectively capture and process
antigens, thereby activating anti-tumor T cell responses
[69]. Conversely, cancer patients with higher levels of MO
macrophages infiltration suffered from poorer progno-
sis [70]. In this study, we observed a significant increase
in M1 macrophage infiltration in the high-FPR1 group,
and patients with high-FPR1 was associated with good
prognosis; whereas in the low-FPR1 group, there was a
significant increase in MO macrophage infiltration, which
was associated with a poorer prognosis. These findings
suggest that the differing states of macrophages may be a

potential factor contributing to the variation in prognosis
among patients with differing FPR1 levels.

Conclusion

Collectively, our study demonstrates that the NET-
related gene FPR1 can suppress the progression of OS in
vitro. Furthermore, FPR1 is closely associated with the
prognosis and immune infiltration in OS. These results
suggest that FPR1 may serve as a promising prognostic
and therapeutic target in OS. However, the mechanisms
underlying the role of FPR1 in OS has not yet been fully
elucidated and require further investigation.
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